Abstract-The location parameter of the electronic tag is the necessary condition for RFID application systems to realize their operation functions. Based on RFID detection model within which the target of the symbol location will spill over to adjacent area when sampling, the posterior probability distribution of the parameters to be estimated is obtained from the conditional likelihood function and the prior distribution of unknown parameters by Bayesian theory.
INTRODUCTION
RFID (Radio Frequency Identification, RFID) technology does two-way radio frequency communication between the RFID reader (Reader) and the electronic tag (Tag), to achieve the automatic identification of object, and is further used to meet the business needs of the target object monitoring, locating, tracking, and so on.
The technology of RFID middleware based on business process rule and data stream are introduced and applied in Enterprise Information System, such as Supply Chain Management (SCM) Systems, Enterprise Resource Plan (ERP) Systems, and Manufacturing Execution Systems (MES) [1] . Traditional research of RFID middleware does not concern RFID related integration with enterprise information systems. Considering the requirements of RFID middleware and business process integration with enterprise information systems, [1] introduces an integration framework for RFID middleware based on business process rule and data stream technologies. It also designs and discusses the main modules of the RFID integration middleware, such as devices monitoring, data management, XML business documents exchange, business process control and RFID event management in detail. The semantic definition of the complex RFID event and RFID event classification are presented. A real-time scheduling strategy of RFID event, which is based on the buffer and priority queue, can process the concurrent RFID events.
Logistics tasks heavily depend on reliable shipment and accurate tracking information. For this reason, logistics today have evolved into a high-technology industry [2] . Distribution is no longer simply about moving cargo on the road or via air from location A to B, but is a complex process based on intelligent system for sorting, planning, routing, and consolidation that supports faster transportation. Reference [2] investigated how RFID technology was implemented and adopted in Taiwan's logistics industry. Specifically, it focused on the positive influence of using RFID technology on the industry and the strategical benefits the RFID system had provided to companies, which had accepted and utilized this technology. It also aimed to determine the concern factors of adopting the RFID system into current company management systems. An integral part of this research was to develop and empirically test a model of the adoption of RFID in the context of the logistics industry in Taiwan. Since June 2003, mass consuming markets had demonstrated a significant shift toward RFID technology. This has occurred not only because of RFID mandates imposed by Wal-Mart and other stores, but also the widely used of RFID by government organizations. Its use has the potential to affect an extremely wide.
The automated warehouse is widely used in different kinds of corporations aiming to improve the storage and retrieval efficiency. In [3] , the robot system with RFID and vision was applied into the design of warehouses. Firstly, the RFID system is used to localize the target roughly and obtain the attributes of the target. Then the onboard vision system is used to recognize and locate the target precisely. Finally, the robot control scheme is designed based on the results of image processing, and the teaching mode and remote mode are used flexibly to assist robot to grasp the target.
Along with the development of RFID technology, RFID tag is used for identifying object in more and more areas. RFID becomes one of the most important technologies in application and development of Internet of Things. Currently, in the applications of Internet-Internet of things, one of the most important issues is that the information carried by tag code can't be shared in different tag code standard systems and the tag code in different systems is incompatible. In order to solve this issue, [4] proposed a new RFID tag code transformation approach for Internet of Things. With this approach, information sharing and exchanging between different tag codes standard systems becomes feasible and the global Internet-Internet of Things applications will be accelerated.
As its relatively large storage capacity and the ability of identifying and tracking materials and equipment in real-time without any direct contact or line-of-sight compared to traditional bar codes, RFID technology has been more and more adopted in many sectors and identified as one of the ten greatest contributory technologies of 21st century. To systematically shed light on potential applications of RFID for uninitiated readers, [5] first presents the principle and the brief history of RFID technology. Then it summarizes the RFID's technical features which enable its popularity in industry. Finally, applications examples in construction industry are presented for highlighting its enabling employment.
Among [1] [2] [3] [4] [5] discussed above, [1] presented the realization of RFID in controlling the business process through RFID events. Integration middleware is the focus in it. Reference [2] paid much attention to the positive influence of using RFID technology, especially on Taiwan's logistics industry. Reference [3] also uses RFID as a method to discuss its application in robot system. Although [4] covers some technology in RFID, it mainly proposes a new RFID tag code transformation approach for things of Internet, no something else. Reference [5] displays the application of RFID technology, using construction industry as example. In this paper, based on the application of RFID technology in tourism, some detail in technology is discussed.
Under normal circumstances, the impact of application environmental noise and the limit of inherent characteristics of the RFID device cause the uncertainty of the original RFID data. The reader can only read the 60%-70% of the tag data within the sensing range of it [6] , [7] . Meanwhile, because RFID tag has limited calculation resources and small storage capacity, the wireless communication channel between RFID tag and reader is vulnerable to various malicious attacks [8] .
The hardware solution is to increase the number of readers, and uses multiple readers to compose the cross-reader space. Although this method improves the detection rate of tag, in this cross space, tag location target easily spills over into the identify areas of neighboring readers, causing the uncertainty of the position of the symbol. Although [8] proposes a HMAC-based RFID lightweight authentication protocol to aim at the security problems, the proposed method is complex and needs the support of hardware. All the above discussed limit the widespread application of RFID technology.
This paper proposes a method to solve the limitations mentioned above. The method takes full advantage of RFID data redundancy, prior knowledge and application constraints to infer the symbolic position. For the possible location of each detected object, the overall position distribution of each detected object is set as the sampling space. Through Bayesian, the posterior probability distribution of location parameter of symbol to be estimated is obtained from the conditional likelihood observed and the prior distribution of unknown parameters.
The main contribution of this paper is described as follows.
Firstly, it proposes 3-state recognition model and establishes the corresponding data collection signal model; meanwhile, proves that 3-state recognition model can make the system entropy minimum and maximize parameter estimation accuracy.
Secondly, it deduces the conditional posterior probability distribution of symbol positional parameters to be estimated by Bayesian principles.
Thirdly, in this paper, we propose a Metropolis-Hastings sampler with Location Constraints (MH-LC), which incorporates constraint management to clean RFID raw data with high efficiency and accuracy. This method infers the symbol position using Metropolis-Hastings sampling of MCMC [9] , [10] , and combines with a priori knowledge and constraints to improve M-H sampling, in order to enhance the accuracy of position estimating.
Finally, it uses a large number of simulations to compare the proposed method (MH-LC) with other typical algorithms, and proves the efficiency and effectiveness of the former.
II. RELATED WORK
The uncertain data in RFID system has complex sources throughout the entire life cycle of RFID applications. Some progress on the management of uncertain data in RFID system has been made, mainly including the methods based on a sliding window, probabilistic inference, Bayesian, etc.
University of California, Berkeley, proposed RFID adaptive data cleaning algorithms SMURF based on smoothing window [11] . SMURF treats the RFID data stream as a random event in statistics, and the window size is adaptively adjusted according to the statistical characteristics of the data stream, improving the filling accuracy. When all the reading of a monitored object in a logic area is lost, the cleaning effect of SMURF algorithm, based on time smoothing strategy, is poor however. Based on the application scenario in which the reader is movable and the tag object is relatively fixed, Massachusetts University designs RFID probabilistic inference system [12] , aiming to wash original data stream, which is missing or includes noise, into the event stream with more accurate tag location. Reference [13] proposed an ESP mechanism cleaning the data based on time correlation and spatial correlation of the data, which can clean data from different receivers according to the characteristics of different types of dirty data. This mechanism considers a broader scope; however, setting time granularity and spatial granularity is difficult. For the problems that mostly existing cleaning techniques can not accurately restore data sources information (i.e. location information), [14] uses set theory and Bayesian methods; both methods, however, are too dependent on the deployment topology of a particular reader.
III. DESCRIPTION OF THE PROBLEM

A. Scene Model
RFID is a non-contact automatic identification technology. Ideally, the basic system consists of electronic tags, readers and antennas. The data communication of RFID is a between the tag antenna and the reader antenna in the method of electromagnetic coupling or electromagnetic transmitting. However, in practical RFID applications, when reading the tag in the region where the reader locates, due to the presence of spatial redundancy of the reader, the electronic tags may "spill over" to detection areas of the adjacent readers, that means the true position of the electronic tag may be not at the sampling point of a reader, but at the detection areas of multiple readers simultaneously. Fig.1 shows a scene model of RFID redundant data. Compared to the conventional ideal model, which considers that the reader can only detect the electronic tags within the location where the reader locating at, this model is more in line with the actual processing.
In Fig. 1 , the RFID reader is installed at the regional center of position j, labeled Rj. The reader of the adjacent area j-1 and j+1 is Rj-1 and Rj+1, respectively. This scene has significant spatial redundancy. The data received by the reader show the position parameters of the tag. The true position of the actual application is unknown and distributes evenly among each location. The spatial overlap of the detection area of the reader causes repeated reading, which means that an object locates within the identification range of multiple readers. From the scene model, the possible set of reading data is shown in Table 1 , in which 1 represents that the recognition is successful, and 0 represents a recognition failure. This table shows two kinds of results of the redundant.
First, the object 2 is identified by the readers in the position j-1 and position j. It is very difficult to determine the specific location because at the same time the same object can not locate at multiple areas. As a result, at least one reading data is the spatial redundancy. Second, object 3 is identified only in the position j; however, this does not mean the object 3 is in the position j, since the object 3 may also be detected by the readers Rj-1 and Rj+1 of the adjacent area.
B. Signal Model
Reference [15] uses an expressive temporal data model for RFID data. This data model is based on Entity-Relation (ER) model with minimum extension and highlights the state history and temporal semantics of the RFID system business processes. The proposed data model, however, depends more on database theory, especially relational theory, not signal theory. In this paper, 3-state model is adopted. In the next section, we build the scenario, and prove that 3-state model performs better than other n-state model. Then, we give the 3-state model of the scene in Fig. 1 .
IV. BAYES MODEL
A. Building Bayes Model 1) Scene Description
This study focuses on the tourism intelligent management system, based on RFID technology, in a scenic in Zhangjiajie [13] . By the use of RFID electronic tickets, this system achieves tourist traffic statistics and density analysis, visitors tour trace tracking and tracing, in order to regulate the internal management of scenic, regulate the tourism industry, protect the interests of consumers, and promote the healthy development of the tourism market. Scenic experiments use Invengo XCRF-860 intensive reader, supporting EPC Gen2 protocol and ISO18000-6C standard, and passive electronic tag Inlay XC-TF8029-C07 as the on-site infrastructure. The experimental results show that, due to ambient humidity and human individual differences, especially when tourists are dense, the access rate by the reader to identification cards of tourists is between 50-60%, which reduces the tourists' recognition rate. To improve the accuracy, the number of the reader is increased at the site where the tourists pass through centrally. The increased reader identify areas are crossed in space. The volume of these tourist raw trace data reported by the hardware is huge; however, only a small part of these data may be meaningful to the user and be non-repetitive data. Thus, abstracted scene is shown in Fig. 2 . The reader's detection area is divided into three parts: the primary detection area, secondary detection area and the 0 detection area, corresponding to the reader location area, the area adjacent to the location of the reader, and unrecognizable area, respectively. Among these, the existence of common intersection between the two detection areas causes the forming of a group of cross-reader space (the detection area of passive reader in the plane is approximate fan, shown in dashed lines in Fig. 2) .
2) RFID Identification Model
According to the scene in Fig. 1 , when the object attached with tag gets into the sensing range of the reader, an RFID tag reading data will be generated. The tag object is marked
, where r EPC and õ EPC denote EPC number of reader and electronic tag, respectively, and t is the time stamp of labeled object when being identified. As EPC code is just a theoretical standard, in practice, the reader and the monitored object are generally labeled using pre-set continuous code, equivalent to map the EPC code into a logical id number. Therefore, o S denotes the set õ EPC . By mapping f:
O represents labeled object with id number i. S r represents the set r EPC . By specifying the map g: S r → N, each reader is associated with a specified logical region, denoted by h i , which means logical region with id i of a specified position, and multiple r EPC are mapped into i h , 
Definition 4. Constraints
Vol . The constraint condition is that the number of location resource is greater than or equal to the number of objects accommodated. Otherwise, the position assigned can not accommodate the volume of object placed, and re-sampling is needed until a new location meets all constraints. Constraints are represented by the (2).
RFID reader transmission and tag transmission may result in a collision because the reader and tag all use a shared wireless channel for communication. When adjacent readers communicate with a tag, reader collisions generate. When multiple tags communicate with a reader at the same time, tag collisions generate. The arbitration agreement, however, can effectively prevent both types of collisions. Therefore, in this study, it is assumed that no collision exits, obtaining properties 1 and 2.
, and ij r is independent of each other.
In short, the detection model of RFID divides all reader detection areas into several sub-areas; each corresponds to and is associated with an area with the unique reading rate, and the difference of the reading rate across adjacent sub-regions is a constant. For a specific reader, under the n-state recognition model, the identification rate of each area are x, (n-1-1) x/n-1,..., (n-1-k) x / n-1, ..., x/n-1, 0. This paper adopts the 3-state recognition model, and supposes that under this model the maximum reading rate is x; the first state has speed x, the second state holds speed x/2, and the third state is speed 0. The signal model is shown in (3).
B. Parameter Estimation Method 1) The Posterior Distribution of Positional Parameters to be Estimated
Bayes principle is a statistical inductive reasoning method, which estimates the unknown data (x) according to the known observation data (y). By Bayes theory, assuming that at some time how the readers in M positions read location tag i is denoted by i R , thus, the inferred posterior probability that location tag i locates at position h i is:
From total probability formula,
can be obtained, and putting it into (4) will get:
where in () i ph is the prior probability that tag i appears in the location h i . The prior probability means all possible position distributions of observation data i R in position tag object i, usually considered as being uniform. Thus (5) can be simplified as:
where in ( | )
ii p R h is the association probability, i.e. the probability that a known tag obtains i R under the conditions of position i h . The priori probabilities distribution of unknown symbol positional parameter variable is given based on a priori knowledge. The observed data is independent of each other and distributes uniformly. Equation (7) shows the use of the observed data to invert positional parameters.
2) Markov Chain Monte Carlo Sampling
Markov Chain Monte Carlo (MCMC) [14] method, by constructing a non-periodic irreducible Markov chain, whose sample approximates the one of object probability distribution, can be used to estimate the object distribution. Metropolis-Hastings (MH) sampling device [16] is one of the most widely used MCMC sampler. It can be achieved by repeatedly sampling the variation of variables. Based on how they affect the probability of state, it can accept or reject the variations. In this paper, Metropolis-Hasting sampling algorithm is adopted.
With the auxiliary proposal function ( , )
q x y , the Markov chain of a target distribution () x  is constructed. The closer to the object distribution the form of the proposal function is, the better the simulation is. It meets the following three conditions: (a) for a fixed x, ( , ) qx is a probability density function; (b) for ,, x y S  the value of ( , ) q x y must can be computed out, where S is the state space; (c) for a fixed x, it should be easily to generate a random number from ( , ) q x y . The proposal function in this paper is describes as:
where in, i C is the i-th sampling sample, i P is the i-th proposal sample, S represents the step of uniform proposal distribution, and ( , ) Rand S S  represents generating a random integer according to uniformly distribution.
Specific steps are described as:
(1) 0th iteration Select qualified samples from the raw data reported by the reader to build the proposal functions ( , ) q x y , and initialize iteration P 1 ;
(2) jth iteration, [1, ] object jD  Determine whether the extracted sample satisfies the formula 1 and formula 2. If not, re-sampling; if so, according to (9) , compute and accept probability. 
3) Performance Analysis of Location Parameter Estimation
Symbol position parameter estimates posterior distribution, eliminates the invalid state of the system, and uses the entropy to measure the system performance. For n-state signal recognition model, the number, acquired successfully by the reader, of the region where symbolic location tag data may appear is 2( 2) 1 2 3 nn     . The priori probability is assumed to be a uniform probability distribution, let x is the highest reading rate, then the reading rate in the region of position i is ( ) / 1 n i x n  . Let L represent the true position of object i. According to right side of (10), the probability distribution of L is as follows.
The following theorem is obtained. Theorem On the premise that priori knowledge and constraints are met, the estimate of the location parameter obtained by 3-state recognition model can make the system performance better than the estimate of the location parameter obtained by any other state recognition model.
Proof: Because sum of probability of all 2n-3 regions of n-state model is 1, that is:
By the (10), (11), we obtain the entropy of n-state model: 
(
The entropy function H(L) of n-state model is incremented with n.
.395. Therefore, if and only if n=3, the entropy is minimum, and the accuracy of parameter estimation is highest. QED.
We assume that there are m areas and n objects in the applications. Let O i be the object with ID i, and h i be the location random variable of object O i , that is the ID of the area object O i locates at. For example, 
The RFID identification model not only incorporates the duplicate reading data, but also can distinguish between a area and all of its adjacent areas, since they have respectively different reading rates. Specifically, if the object 
V. IMPROVED MCMC JOINT PARAMETER ESTIMATION
A. The Posterior Distribution of the Location Parameter to be Estimated
For (14), we can actually measure by the reader to obtain the prior probability. Because the symbol position parameters are unknown, typically, Bayesian estimation is used to do integration process on unknown parameters, and can take advantage of a priori knowledge of the parameters, to infer the position of symbol parameters.the current observed data. The unknown parameters set is
B. Metropolis-Hastings Sampling
Markov Chain Monte Carlo (MCMC) method is a simple and effective Bayesian calculation methods developed in recent years. By constructing Markov process, which satisfying conditions of ergodicity, normalization and stationary, MCMC method can obtain a non-periodic irreducible Markov chain, whose stationary distribution and limit distribution is the target probability distribution. When a Markov chain converges after a long enough warm-up period, its sample approximate the one of target probability distribution, which can be used to estimate the target distribution.
Currently, there are two kinds of extensive MCMC: Metropolis-Hasting sampling and Gibbs sampling [10] . Because Gibbs sampling requires that the full conditional distribution of posterior distribution of each parameter to be estimated should be the common and easy-sampling distribution, and this condition can not always be met; however, Metropolis-Hasting sampling is based on the ratio of posterior distribution and does not need sample from any distribution. It can be achieved by repeatedly sampling the variation of variables. Based on how they affect the probability of state, it can accept or reject the variations [16] . Therefore, we use M-H sampling method, assuming that the proposal distribution is T(x, y), and the current state is x(t). The specific steps are as below:
(1) Generate y from the proposal distribution T(x, y); (1) to (4) is reversible and ()   is its invariant distribution.
C. The Improved Sampling Based on Location Inference
MH sampling algorithm in the previous section has two problems:
(1) Neglecting the priori knowledge, mainly about readers and deployment environment (e.g. reader misread rate, deployment, etc)
From the apriori knowledge, once ij z is non-zero, we know that the electronic tag must be within the identification area of the reader in some location, and therefore h i is not equal to 0, that is the position vector Ĥ must also be non-zero. Thus, we obtain the prior 
To obtain RFID data and location parameters, based on the M-H sampling algorithm in the previous subsection B and combining (21) and (22), this paper improves the algorithm, thereby improving the accuracy and precision of parameter estimation. The algorithm, MH-LC, is described detailedly as follows:
(1) Initialize sample set S and obtain RFID raw data matrix Z, and intrude 3-state identification signal model.
(2) Initialize resource descriptor to the maximum. (3) 0th iteration. Select sample C and set it as the starting point of the Markov chain, and initiate proposal sample P.
(4) FOR j=1:
: the number of object} P j =C j +Rand(-S,S) {to sample current value and the proposal function value of the uniform distribution, and obtain a random integer} Use (23) to check all the related descriptors (D zone means area location), and if the value is less than 0, return to re-sample until it is grater than 0.
then the proposal sample is accepted as the next state of the Markov chain, otherwise, the Markov chain retains the original state. (6) Return to (4).
VI. EXPERIMENTS
A. Experimental Environment and Data Sets
RFID data and joint parameter estimation of improved MCMC has two notable features. The first one is the non-uniformity of the distribution of the electronic tag, and the second is that the parameter estimation is time-varying. The former means that the electronic tag has a different reading rate in the detection area of reader, and the recognition rate is determined by the reading rate. The latter means that the relative motion can cause the rapid change of location parameters, which makes the parameter estimation difficult. Therefore, under the condition of redundant data, real-time parameter estimation about RFID data and location should be guaranteed.
The simulation experimental environment is Visual Studio 2010, running on Pentium Dual-Core CPU 2.3GHZ, 2GB RAM, 320GB hard drive as well as Window XP operating system. Simulation uses matrix generator to randomly generate RFID original reading matrix, which has the same effect as the true distribution. At the same time, the noise matrix generator provides noise matrix, which has the same noise data format as RFID original reading noise. According to the physical characteristics of RFID reader, the simulator produces synthetic RFID raw data containing repeated reading. This experiment will compare the proposal algorithm (MH-LC) with the SIS method [17] , and MCMC method [14] . The purpose of the experiment is described below:
(1) Evaluate the sampling efficiency of the parameter estimation algorithm by the time of the reconstructing.
(2) Use KL divergence [18] to evaluate how the data redundancy affects the sampling precision of parameter estimation algorithm.
(3) Use KL divergence to evaluate how the amount of data affects the sampling precision of parameter estimation algorithm.
B. Experimental Results and Analysis of the Reconstruction Efficiency
This experiment mainly verifies the efficiency of the MH-LC algorithm, and the measurable indicator is the sample time. The smaller the sample time is, the higher the efficiency of the sampling algorithm is. The results in Fig. 3 show that the sampling time reduces significantly with the reducing of sample number. MH-LC algorithm and MCMC algorithm, however, spend an order of magnitude lower time than the time spent by the SIS algorithm. The improved MCMC algorithm (MH-LC) has slightly higher efficiency than MCMC algorithm. When the number of items is 500 and 1000, the sampling time spent by the improved MCMC algorithm (MH-LC) is 0.8s and 21s, the one spent by the MCMC algorithm is 0.9s and 29s, and the one spent by the SIS algorithm is 15s and 451.8s, respectively. 
1) How Data Redundancy Impacts the Accuracy
Data redundancy is the reading rate that the reader recognizes an object successfully in the secondary detection area. The greater the probability that a tag reading belongs to the secondary detection area is, the more error and redundancy the data contain. In experiment 2, the number of samples is set to 5000, the data redundancy changes from 0.325 to 0.475, and the reading rate in the primary detection area changes 0.65 to 0.95 correspondingly. Fig. 4 shows these results. With the increase of data redundancy, the KL divergence of MCMC, MH-LC and SIS all decreases, meaning that all the performance increase gradually. The important point is that MH-LC always maintains at a lower divergence than the MCMC and SIS does, which proves that the proposed algorithm is more accurate.
2) How the Amount of Data Impacts the Accuracy
To illustrate stability and scalability of the MH-LC algorithm, this paper uses simulation data to do the test.
The reading rate of reader is set at 0.95, and the number of items is set from 500 to 9000 to study how the MCMC, MH-LC and SIS affect the accuracy of reconstruction. The results are shown in Fig. 5 . With the increased number of qualified samples, the K-L divergence value of the three methods all keep decreasing. This is because with the increasing in the number of items, the sampling space and the number of samples increase sharply, and the accuracy of sampling has improved. However, MH-LC always shows better performance than MCMC and SIS does. When 500 qualified samples have been drawn, MH-LC's KL divergence is 0.86, MCMC's is 1.5, and SIS's is 4.78. Therefore, MH-LC spends less time to produce the same number of qualified samples than the MCMC and SIS does. Under the scenes that redundant data is generated in cross-reader space, the repeated reading of the electronic tag of the same symbol position makes the conventional methods of observing and extracting positional parameter estimation fail. Based on the prior knowledge and constraints, this paper proposes the MH-LC algorithm to achieve the joint estimation of the symbol positional parameters of electronic tag within the range of multiple readers. The simulation results under the noisy environments demonstrate the effectiveness of this method. Simulation results show that the proposed method can effectively solve the problem of positional parameter estimation of object within the range of multiple readers. This method provides a prerequisite for the realization of the subsequent application system functions, such as tracking, tracing, and intelligent decision-making.
